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Abstract

In the field of computer vision, CNN and Transformer have advantages in local information extraction
and global feature modeling, respectively, and how to fuse CNN and Transformer has become one of
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the research hotspots. Some works directly introduce convolutional operations in the Transformer
encoder, however, this will change the original structure of the Transformer and limit the global
modeling ability of self-attention. Some other work performs knowledge distillation in the logit
output layer of CNN and Transformer, however, it fails to utilize the feature layer information of CNN.
Aiming at the above problems, this paper proposes the feature alignment distillation module, which
realizes the feature layer distillation between Transformer and CNN by dimensionally aligning Trans-
former’s feature layer with CNN'’s feature layer, so that Transformer learns the CNN’s local modeling
ability. Aiming at the problem that the feature alignment operation will introduce the convolution
operation to increase the model computation, this paper also proposes the feature mapping logit
distillation module, which realizes a general distillation method for the feature layer of Transformer
and CNN by mapping the feature layer of Transformer to logit. In order to enable student models to
learn both local modeling ability and long-distance dependent modeling ability, this paper proposes
a two-stage distillation framework, which realizes the collaborative guidance of CNN teachers and
Transformer teachers to student models. The experimental results show that the method in this pa-
per achieves feature layer distillation of CNN and Transformer, and enables the student model to
learn both local modeling capability and long-distance dependency modeling capability under the
collaborative guidance of CNN instructor and Transformer instructor, which improves the accuracy
of the baseline model on the downstream task of action recognition.
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FE SN AT, R ZE 4% (CNN)FI Transformer WH£5% 2 R e IR, AT A & B I HA.
CNN H T HBHRIEE IR E I =S, BAIRRE W E (D9 i B2 1e: EARKBEIE 1156
N W I ENEHE N RRAR, AT BRI A ST A Iz AR JI[ 1] [2]), REAEAE AR UG A 1) = BB RHAE
Ifii Transformer FIAZ/OAE T FIER NN, © RVASEBEACIR 7 FIEARIT, GE08 [R5 &4 N7 51 BT AL
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¥ CNN 5 Transformer BB HEATRIE[4]. i Transformer #4j CNN (12 REE&78458), FIH patch
embedding JZRIIAN 725 (B ZERALH] 1) il as 2 SEUCREAE R BE R RIS . (2, Xk 1A
B SEEKE N E[S5]. Y CNN F Transformer [ BGER 730, K CONN RZHRIUH R HE R 11
FRAE I EE 2 — RIVRHIET 51 R0 AT O B i, K45 R %A F| Transformer HidEAT5%2][6]; WL
Transformer F CNN [ HE %R 7730, HAE vit [7])5 FATHHE T Faster R-CNN [81E AR (1) H ARSI X 2%,
FEHE vit (% H E A IR H ARl 2 sk 2z, SR, IR T N2t Transformer G 4544,
F#fIK Transformer HA R (AR ZIBB MG R /), SEKSHEMIREA K). HAt 7% Deit [9] K
FHTRZETE 720, BT ER NP HIH 5] N 7518 token, K CNN 2T 172 1 A8 1175183 Transformer *#
AR, SR, — LS FTIRIR, £E Transformer P45 [ AR B 5] N BRI 08 52 B 24 (12801 (5] [10],
1M Deit [91{XAE BT AR 2 A AL logir $in i JZ AT 28081 HEL,  {#157%)Z Transformer #ELA% 2] CNN
LIRS EIRE ). Bk, AL T —A CNN M4 5 Transformer 45 [FAFAERT FF 28 TBAER, 7EA AR
Transformer Ji# A5 5 # IR, Aff Transformer Z#A B GBS A CNN 2T (RHIE 2 52 2 JR AR BE 77

DOI: 10.12677/airr.2025.142036 363 NILERESHLE AT


https://doi.org/10.12677/airr.2025.142036
http://creativecommons.org/licenses/by/4.0/

BrRol A

{5 FHARAE XS 57 28 TS, SO T 7E A SO R A A X 28 4544 (1) 1B L, 72 CNN 5 Transformer FI4H1IE
JEHEHT AR, K CNN R SR BLRE /154 #2 2] Transformer 1. {H&, FIRBHULAEIE S 8, &
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RIS 55 5 K X 28 AR o AR IR RRAE 0] T A HRAE A ST SE 6 150 B oA ROt SE IR 1 A 25 (BD CNN 5
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Figure 1. Feature alignment distillation module and overall architecture
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2.1. FHEXT TR IBIRR
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T kBEE S
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TEANXQB), v M BZBAK). BTV GAETEISHA o™, 1A Fa™ 535 T84k
MER LM TERL, BTl MHCA 7T LA & B2 ST L B K & B [19] (RPE 1 1 adaptive
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FYERT), CNN UL Z ) feature map K/NH A e R (h v w fill ¢ 439N feature map [ 38
FERGEIER) . NT T A A, AR T HRAEXS SEREREDE 1 dr (@) BT aligner fE), HpEgnss
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PECUTo i, o SRS 2R A0 2 A AR F AR = i o P iy B A AR DU 38 B R (. MISE 5775 22 R 0t
A] LAUAS R B I AR IR AICR (2010 ST, 45 HEAT 2RV A0 UM R AN 2 A B R B A R, el T A AR (R AR
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Figure 2. Feature project logiz distillation module
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U logit 197 5 2 AR A EAT 28408, BN A I J5 — )2 1) logit 1973 RO SRR THR-IE 2 1) logit 1357
ROR, R, A SCE AR BT 5 — 2 logit 15897 5 S AR R 2 logit 15477847 7818

JEE A FI SRR AR ALAE logir 7 1A 22 STAH RN B AR, (HIXSSRIARA AR A9k E19], X1
AV BIA R BT o3 A7 o Ny 7 GRRIE A, O5IR[11], ASCE s B AREMAE B ARZEH logits 5 870
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FEARG)T, (X,Y) RAEAREIRZE MRS A0, x RAEARTIN, y AREERE, p' M p' 55 R AR
RO RS FEATRN TN, Doy 1Dy, 73 35S SRS I BREURN KL U, A W P AR 2 A
PREEZRNRMN R B K B AR AR H AR logirs (5 B2 JT 515, AWK IR IR

Ly = _(1 +p )10g p: - E(CNy)/{E}PZ log p; (6)

TEASRO) T, B &4 M7 BRI F AR, BT KL ORI 5r BESORPBAE 384 Tk, DOLAR L T8
BRI B 2, O TSI R, SR B . R, 9 TR E H R
MR, 18 —(14 p, ) LRSI —ANABIZ Ly, (GBI R

77 s s
Lyp, = _(1 + pet ) log p; - E(CNV)/{ }PZ log p; @

é
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L

'fpld = Llayerl + L[ayerZ

+L
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2.3. FMTERZRIBIESS

W 1(a) s, RN 55 28 el CNN BERURHIE 2 15 L83 T Transformer 5 AR 1,
$& %5 1 Transformer ZFA R EEHUREAS B HIRE JT. SR, A AEREAIIZRMY BEERXT Transformer 27 AE A7
I CNN UM A gk AT 2518, 2PHAS Transformer 27 AR % 2] 5 AN W E[19]. 53— J71H, HRHE[7]
[22], HTH=—@MESWE, Transformer W27 2K EMIZEHE 4 Gl ]S CNN LA 2 12
R, I HAENZREHE 78 /2 I, Transformer W2 B RCRIGAR T CNN %5 . PRI, FEIZREEE 782l N T
o MG EHE, /AT REH K% Transformer (4% “ 258" ML, FHEEILRERS 2% > 3 B & (13 99k
B, AR T AP BZRTEAELE: R BB, ST ONN ZBUMEBR TR S 2 B8 7R3 B, i
H Transformer ZUMBAL i T 27 AR

i 1(a) stagel Fizn, EE5 BB, A8 FRMIEXS 55 28RS Transformer “#AAUEE(] CNN 2
BRI FIRFIE ZAT N . B THMIEZ 2808, 25— B tioR A logir 7808 X225 (1) content token 34T pool
PRAE1S 2] logit 1957, H-SHUNEBLY i )5 — 2 logit B TR . fEEERINZ, BB logit
FNRIEEA S IR E AR 5] NBINI 2808 token, [RUNIX S F1G7E N IFAT 55 BT RO B 51 N &4
BTN ZRETRLRY o 25— B B B3 2% bR B 0 s

Lstagel = aLlabel + (1 - a)Llogit + IBLfad (9)

EARDF, Ly = Do (v, p°) AR PIRIAR SR, Hh D, A XK, y AEAERSE, p° N

PTG R o Ly, =Dy, (p', p") 9 logit Z&WARS, b Dy, 9 KL EUE,  p' HBUTRLR ) F
ZiRo L, WFFIEX TR L, S A K(4).

WK 1(a) stage2 Frw, 1R B, AR —ANZHE 21 Transformer ZUMAREY K $5 5 2% AE

o AFEPRZ, E5E B, AGHAT logit 2818, [FIFEXS AT content token BEAT pool #1EAS 2| logit

3570 BB BB R R FR

L
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KD2 °
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KT 2.2 TIRBIMFFEM logir Z81RBH, JAER 2.1 FTHRMIEXS S5 28T ) & 4. [RIE, #7E
BB Bl FHRFAE WS logir 28T, TN 28— B B R e 53 2 R B0 R Bl
L =al,,+(1-a)L + L, (11)

'stagel

FERARADF, L, NEIEB logie ZZIEBLEA, ZIAK(8).
2.4. {ZEISCI

P8 2.3 AT E, ASCIE IS RT3 F P BRAE SR : 58 —Bh B, 7E Transformer 425 Al CNN
POMBAY A AT 2508 S8 =B, £ Transformer “#AE AU A Transformer 5B [A] 1E 4T 2518

AR B BT A 3.1 5 B IR BRFAE XS SR 28 TS, L AR R ] 1(a) s, #EALE N TSD-
fad. SE—FBt, PRS- J N Transformer FAE AR CNN ZUMAREAY, A58 FHRRAE XS 55 28 TR AR Hoxt
AR R RN TS Y (KR AE AT 2808 . RREXT S 28I R i A @) B, W T OB, BURfE— 16
FUZIHIH 4' e R {EN feature map K/; fF 2R, HUR G — Mg asifiiit 4° e R™ EN
content token K/)N. FREJEEMIZ, HTMH 2D CNN BERE NS — M BLA UM AL, E AT i NI
BB W Transformer “ZAMER AT IRAD 5. 28— B B AO S35 R B BRI 2808k 5 logit
AR, AR B, MM 3% N Transformer %7 A2 A5 RURTE A AH [ 4244 1)
Transformer MR . FERLBY B, (AT logir Z818, SV RRBIARQ0FTR. HFEERMNEZ, £5H
— B B FH AL 6 S5 28 BRI, 75 B/ Transformer 22 AERRI A 5] A0 2.1 H TR 2 L BFEE N2
(MHCA). BARE), JE4HI Transformer 2#AEMM HA 12 M2k HIEREMHSA), ASCEILA 16T 8 4
B N2 kBRI R IE(MHCA). B1T45r3 token BiZZBEHTA H'E token N EE S, ATLAZ LB
=2 P RS B R FEARIE T 9028 token. AL, SIR[19]HF OBE, A SO F 2 J) F 3 78 A 0
AL EBRANFREATRIMEIFTA token H1o BRILZ AL, 28 Fr BURARG A BN 58— BURFEAAL

FAAEEE — B B I 2 3.2 5 B 3R B4R AE Wi logir 281, TS5 — B B AR AL N 14 2 Fro, Bt
SARAEREA TSD-fpld. HFHERLSS logit ZRIBH RN A Q@) FTw, B0 K R BONIF IR logit 781815 %
55 logit Z&ZMBIRZ A, AR DFTR.

3. SCIf
3.1. SEIRE

fEARZ S, BATE Something-Something V2 I Kinetics-400 £ 45 FiE4T 5256 .

TR RN . AT A Kinetics-400 i L HEAT TRIZR, S NI EE Ay 16 Wi, BEMTo #E 3 Ky 224
x 224, i KFE[23][24], FHMH ] Multi-ScaleCrop [25]3E47T Bl 158 . N T AT B 2818, Trans-
former 2RI A vit-small, EHA 12 NMmtddefl 6 MER k. fEH B, fiiHZIE pytorch HE
ZEFRNZRI) resnet101 VENZUMAEAL . 7E58 B B, $HR[14]rb 22 AR 4B 55 AT 0T 1) e B R AT SN R 78 T
2 HE[15] B B AE Kinetics-400 _EYIZR 1600 NS IR vit-base (ENHUTERY, H[14] it E#HUEA
[, FERLAL AN 22 AR R AN BOM B ) Togir iyt V540 . FRIIZRIT B 3L 400 A&, TXRT 2.3 451
PRI B ZETRAE LS, VARSI (L N SO, BB — B BORIEE B B 20 7l I 25 100 ANHT 300 AN5E RS, REAYEL
PRI IR o A8 B SEBR AN R SC B vy, BRARRR UL, 25K F L B B 78 T S s oK/ N E R 1024,
i/ Adam W [26 1804635, %2R E N 1.5e-4, MARZER27], HAEZREK/ANA 0.05.

T AR SN o ORI B R TR SR T8 BRI R R HT T N A > 28455, 4045 Kinetics-400 £l
£EAT Something-Something V2 £(#i4E . 7£ Kinetics-400 £ ¥ 45 _FRofmy, 3Lit4r 150 MR, A% EX

logit
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FE[23][24], FIANPSA 16 Wi, TEHERERS, fHA 3 N2SAIFBIAN 5 A0 A 8545 . 7F Something-Something
V2 HURAE R, ST 40 NEEIR, fERISSIERFR25], BIARAIN 16 Wi, FEHERERRT, {EH 3 AN
()RR BT A 2 AN () B4 . FEPIAN RS 38 ) Adam W IRALER[26], ZE ) RIHWE N le-3.

Table 1. Comparisons with the other methods on Something-Something V2
% 1. 5H 5 E%E Something-Something-V2 #1E&E FRIXTEE

Model Pretrain Crops % Clips Top-1 (%) Top-5 (%)
TSM [33] K400 3x2 63.4 88.5
TEINet [35] IN-1K 1x1 62.1 -
TDN [28] IN-1K 1x1 65.3 89.5
ACTION-Net [36] IN-1K 1x1 64.0 89.3
SlowFast R101, 8 x 8 [23] K400 3x1 63.1 87.6
MSNet [37] IN-1K 1x1 64.7 89.4
blvNet [29] IN-1K 1x1 65.2 90.3
Timesformer-HR [34] IN-1K 3x1 62.5 -
ViVit-L/16 x 2 [30] IN-1K 3x1 65.9 89.9
MVIiT-B, 64 x 3 [38] K400 3x1 67.7 90.9
Mformer-L [39] K400 3x1 68.1 91.2
X-ViT [40] IN-1K 3x1 66.2 90.6
SIFAR-L [41] K400 3x1 64.2 88.4
Video-Swin [31] K400 3x1 69.6 92.7
TPS-T [32] IN-1K 3x1 66.4 90.2
TPS-T [32] K400 3x1 67.9 90.8
TSD-fpld K400 3x2 70.1 92.3

3.2. xtEEscng

1 ML 2 g T AR SO VRAE Something-Something V2 ##li4E 5 Kinetics-400 $di4E I 5 HAh
WA LTSI s . FHEGERME, A MTELE Something-Something V2 4 45 L {142
g, T BAARER N 2.3 WIHT B TRHELS) 8RR logir 78 TRBIELIS (TSD-fpld)ik 2 5
fE; MTE Kinetics-400 ##E 5 FRHEFSE R, 128 — B BR(RARFRIR I 2.3 150 I BLAC TRAE 22 ) (58 FH AR A5
S AR (TSD-fad)iA et . Bk, 748 1 R 2 1435 HE R TSD-fpld Fl TSD-fad FICH, JLAE
FH B AR b s b s S B A b L 3.3 e

Table 2. Comparisons with the other methods on Kinetcis-400
5 2. 5EM AT Kinetics-400 HiESE AT

Model Pretrain Crops x Clips Top-1 (%) Top-5 (%)
13D [24] IN-1K 1x1 72.1 90.3
NL-I3D [42] IN-1K 6 x 10 77.7 93.3
CoST [43] IN-1K 3x10 77.5 93.2
SolwFast-R50 [23] IN-1K 3x10 75.6 92.1
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X3D-XL [44] - 3x10 79.1 93.9
TSM [33] IN-1K 3x10 74.7 91.4
TEINet [35] IN-1K 3x10 76.2 92.5
TEA [45] IN-1K 3x10 76.1 92.5
TDN [28] IN-1K 3x10 77.5 93.2
Timersformer-L [34] IN-21K 3x1 80.7 94.7
X-ViT [40] IN-21K 3x1 80.2 94.7
MVIiT-B, 32 x 3 [38] IN-21K x5 80.2 94.4
MVIiT-B, 64 x 3 [38] IN-21K 3x3 81.2 95.1
Mformer-HR [39] K400 3x1 81.1 95.2
TokenShift-HR [46] IN-21K 3x10 80.4 94.5
TPS-T [32] IN-1K 3x4 78.2 92.2
TSD-fad K400 3x5 81.3 94.7

L1 ISR H T TSD-fpld 5 CNN AHIE 7 VAR EL 25 3t o slowfast [23 ] FH B8 00U 1 4351 Ak 2
RRAT T b (R} TR 45 RS [A) {5 2. . TDN [28 3 3o 5 s S AR AN i 2 23 39 i A5 B Y JR 3 3h AR A (5 B A
BB RIS B B . bIVNet [29]H41E T ¥ )2 0 48 FITIR 2 N 48 5K 73 Sl Adb B2 157 70 % 22 ARG 23 2,
A — AR A AR AR I AT (B 745 S o A bU T I gy A AN [RIASE e e Ji1) Ak 3R AW AT o 11 72 [F]
F R A5 S, TSD-fpld I8 & & P I B A TRAE 28 B 32 2% ST R OB Y (R F00 70 A . SR — B, ik
REA R PR UG P S SRR ) CNN 20T e 522 AR s 58 B, LR R A A A R B AR OC R (1)
Transformer UM T 2525 o 18 BEAHEAR7 SO (90000 40 A, AR ] LD ZEAL T[], A
T IR 038

1WA H T TSD-fpld 5 Transformer AH5S /72N L 45 H . ViVit [30]8F 5T 7K 46 vit 51
WRATAT 25 BT A3 B JURP AR AR, rKe 2 R 28 315 A DA 22 [0 G ) 285 AR B ) 4 L 288 58 70 ) Acb 388 2 i) OS5 A2
Video-Swin [3 18K BV & 0 v H IR HITE & VA SRINT B B, R4 HmE & R i Ed T 2R
FRAER . TPS [32 @ FEAS FIRL AT T 2 [6]32E47 patch SREEAT, 575 24 i A0ATMT (0 Ho At it (1358 20 9 2%,
B KT 4RI B2 . T A SR ) TSD-fpld SRR AE S logir 78 M ey 2 A BERY FRy 4 aF
S24 logit, 5 CNN BUMHEAY (1) fe 2 logit $n v E A, 22 AR B BRHIE 2 5 ) 1) 1 BUMAE AL ) Tl
W 534 5 [R5 CNN 5 Transformer 2 [A] (38 FH AR 2818 BB AE S5 6545 2 & FE ARG Something-
Something V2 $#fi4E |, TSD-fpld MIRCR AL T _Fik ik,

fE# 2 1, TSD-fad H4e5—2{f# F 3D CNN B/ fi#(2 + 1) D CNN 7T X b, andk 2 25—
Fiizn. TSM [33]5&—F2 BT A R s 078, s fEms (A 4EfE L RE 3l , SeBiAH
AWz [ {5 BACH . FHELT TSM, TSD-fad i 4G vit-small, FFiEERB AR 8 M2 LAER
J1Z(MHSA) B o8 S A B A B Z LB RER J1Z(MHCA), 13 TSD-fad 7£2% > JE R HHiE K
H [E I BES R R B R B4 . I H, BT Transformer B[] “Z8 8”7 T CNN A, wJLIES], #
23 400 MR TN ZRAT 40 NSO 5, TSD-fad FIFRINAER R & T TSM M HAth CNN J7i2:.

2 W 445 T TSD-fad 5 Transformer #H2C 7 VL R0 LE 45 S . Timesformer-L [34]#17F T CNN,
i 4l Transformer Z8H#), FF4RIW THEBAN ZEERE NDAENKILFER DHE T A HE,
Timesformer-L )4} Transformer 2% ¥ i DA R OISR (1) ]/ 3REAE . KR LE T Transformer,
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CNN H &Iz B 1 R MBUE I = ALH], BRI E W E, Aefs A Ao i SR MG 1) R SRR
[19]. #HLL T Timesformer 14 Transformer 2244, TSD-fad it 7855 —Fr Bt 5| N CNN Zifife T 22 AR,
B2 AR AL CNN BUMSERURHIE JZ A, 3 1A R @ R ) . RIAE 57 5 = FEAH
JXM¥) Kinteics-400 ##i4E I, TSD-fad (2 R8T Timesformer.

3.3. jEmhscIg

FEAT T, 38 15 B 22 AV Rl S50 AIGHIE &ML A R4, TR SIS 45 R K 3~6. Horpr, 3
RSLESTE Something-Something V2 Fl Kinetics-400 #4848 FifAT, & 4 fd 5 Prid LISV AE Something-
Something V2 ##54E Fili(T, % 6 FriRSLIR{YAE Kinetics-400 ##E 4 k17 .

(1) ASCHFF T AS[F IRFIE 28 VA HOG B R (5o . 45 SR ane 3 B, v TSD-fad Al TSD-fpld 43
A TRAE SR — B B A FHARRAE X 55 28 TSR AT AR AIE BR A logir ZETRBEER, (w/o) G S8R AME XS RiBE . L
B 3 M — B ATHRGE R AT LA B 7E58 — B BUSE AR IE X 55 28RS HAE A ST T ik 75 12543 Tl E
Something-Something V2 I Kinetics-400 $#f5 FEUS T 0.6%FH 0.3%HIHER 2 5L T o 11 LLECR 3 38 =
S VUAT s &5 Br] DL B 75 58 — B B Al A AAE %o 5 7% 1 AE e fili A ST BTk 7 7% 99 ) #E. Something-
Something V2 I Kinetics-400 44 FHUE T 0.5%A1 0.4%MIAERIZRETE . B0AIE 1 R AEXS F5 28 AR B F 4R
TERLST logir ZRVRREHA . T ELEEE 3 138 = SEPUAT I LAf33]: /£ Something-Something V2 (¥
B DA FHRFIEBL logit Z8TRBEH 1)U T RRIEXS 55 Z8 1B, 7 Kinetics-400 ##i4E - Af FHHRFHEXT 5
AR RN T RHE U logit Z8TRBTHL . PR Z8 TSR I Y 1 B S22 PO 2809 4 i ) 1%« Klinetics-
400 HEER 537 URHE R EEAR DG, AHARRUSMIZE I [ 4 B EARAGAS K, THIREAE NS 55 28 TR B B A 2 A
BB R RAE JE 07 CNN UM A (RFIE 2 AT e, DR SE aF b IR 1R R AE, B4 1 B e e 2R
1Ml Something-Something V2 ¥4 S XTI /745 B HBUR, A EL T 507 R SRRIE M RFIE NS SR 28R, FF
TEWLS logir 78 VRS H LR 2 AR AR 2 S MBS (R F0 23 A, - DRI T ERAS 17 S8 v AR E AR 232

(2) % 4 45 H T HRRIEML logit 28T BER(TSD-fpld) [IRFAE 2818 )2 HOM AR B TN A5 R I 5 mm . 76 2.2 715
W, RSO IR S AR B A GRS AR T35 23 TSR 53, FETERRS R R MG RE U logit 43 5 U

Table 3. The effect of feature distillation module on Something-Something V2 and Kinetics-400
5% 3. YHEERIBAREAE Something-Something V2 # Kinetics-400 #3E £ _E IR/

Something-Something V2 Kinetics-400
TSD-fpld (w/o) 69.5 80.7
TSD-fpld 70.1 81.0
TSD-fad (w/0) 69.1 80.9
TSD-fad 69.6 81.3

Table 4. The effect of TSD-fpld’s feature distillation layers on Something-Something V2
3% 4. TSD-fpld FU4FHEZE B E B 7E Something-Something V2 #iE5E EHIZZ M

Layer4 Layer3 Layer2 Layerl Top-1 (%)
69.5
v 69.9
v V 70.0
v v v 70.0
v v v v 70.1
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Table 5. The effect of TSD-fpld’s stagel epochs on Something-Something V2
%% 5. TSD-fpld BYZE —M EX )1l R4 X £ Something-Something V2 #iE5% _E RIS

Stagel epochs 0 50 75 100 125 150

Top-1 (%) 69.3 69.8 69.9 70.1 69.7 69.5

Table 6. The effect of the loss function in TSD-fad on Kinetics-400
5% 6. TSD-fad BO155L B BAE Kinetics-400 1R EHISZME

Lfeature Llabel (stagel) Llogit (stagel) Llabe I (stage2) Llogit (stage2) Top-1 (%)
J J 80.5
V J V 80.8
J J J J 80.9
V V J J J 81.3

AT 2808, DUANS 340 AN Layerl . Layer2. Layer3 Al Layerd, 1% 4 fin. 2400 Layerd 2874
Sy, RS T 0.4%MHERR R IR T 143G 00 Layerl. Layer2 i Layer3 78418 70 SCHT, LAY ER
BHIMAAAK o FHAEBU logir Z8TRBIERL LR 2% AR AL 2 ) MBS (¥R 9500 73475, 177 Transformer (34
JZ4ifh 2% (Layerd) H T2 Z )2 S, REIGIKERHE S mgn) B R UE RS, MmEEARIIN
FHIERIN, DAETH Layerd ZE185r SO, BEALREOE IS BOR FIAER 24T RE Wk, 7248 FRHEaR
5 logit ZEVEISTHRING, A SO IR AR I DY AN 2508 43 3

(3) % 5 gyt TER B BAE FRHE U logir Z& TR HL(TSD-fpld) IS Il 2556 O HE R T AR 5%
Wi FREEEMZ, B BS S BB ISR RG24 9 400, 24 Stagel epochs 4 0 I, FIRIDFF
T AP B AR TR AL B — B B, RAEEE R BOW B T 2R 400 MR, BR BREUL A (10). BRI, A5
B T 69.3%MHERRZE, TR 2415 FH I T BLZR TBAESE HLAESE — B Bl 2R 100 DN IRE, BERLRERf 28k
BT 70.1%, HART 0.8%MHERZRSET:, Yok | B B IRAE LA Rtk 28— BB, RHIEZRTRAE AR
BRI 22 2B 7 CNN ZUM ) J5 S ArE A BE 77 s 238 BB, MTHLH logir Z8TRAH 2 AR A 52 51 3 [
Transformer 1K EE B0 OC REALRE 1. TN T HARRI M ZRFE IR E : BUD IR — B Boll ZR58 I0E
M8 Transformer “7 A58 2 >) 1) L 8 1) Ja) B A AR RE )« TITELZ BB — B BRIl B X IR AR 1 Transformer
AR 5] B VA9 B (ZE VI ZR80E 78 2, Transformer FRCRAE T CNN).

(4) % 6 45 TAESE — B B FARFIEXS 55 28 MRS (TS D-fad) i 451 25 bR BONH AR AL Tl 28 R (1 5« 52
6 HEIVREES . 2.3 Fi. XFELE 6 M —. AT LLE R 7R H PP BLZSTRAE 2L (36 — B BHX
ol 27 AR AR TR FN O T 1) logit it HEAT 2808), BEAUEUIS T 0.3%IMHAERGRIE T Mixd bhas = 55 =470
IOAIE T S — B BUREAR S 2 IR A e, B = SEDUAT X LLIRAIE T RFIE R 55 28 TR B 1 A 251k

4. &

ASCEEXS Transformer W45 Hk/>— 8 FIAGN I B AT, $&H T RRAEXS S5 28t bi s . i i ks
Transformer HFJFHIE/ZYE CNN PRHEZHEAT4EEENT 55, SCHLT Transformer 5 CNN HURHIEJZ 2800, f
Transformer %% ] | | CNN [¥] 5 i AR RE 7T o FFXTRFAEXS FFHRAE 2 ) NASARERAE 38 IS AL v 580 8 10 1] i,
AT AR T RFIE R ST logir Z81BE L, @i # Transformer [F4FAEZ BT N logit, SEBL T Transformer 5
CNN $HE 2 Il F 2818 715 DN T il 2 AR A Y R ) 2 o J) A B e RN BE B AR R B e 0, AR SCHRE
TP BORIAESE, SCBL T CNN #UMA Transformer #UMAT AR FEITE S . A SR I A7
Something-Something V2 #1 Kinetics-400 #5473 AIHAS 1 70.1%A1 81.3%I1) Top-1 #EFI%, HA RUif
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